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Freshwater availability and agricultural production are key factors for sustaining the fast growing population and economy in the
state of Texas, which is the third largest state in terms of agricultural production in the United States. This paper describes a long-
term (1918–2011) grid-based (1/8∘) surface hydrological dataset for Texas at a daily time step based on simulations from the Variable
Infiltration Capacity (VIC) hydrological model. The model was calibrated and validated against observed streamflow over 10 Texas
river basins. The simulated soil moisture was also evaluated using in situ observations. Results suggest that there is a decreasing
trend in precipitation and an increasing trend in temperature in most of the basins. Droughts and floods were reconstructed and
analyzed. In particular, the spatially distributed severity and duration of major Texas droughts were compared to identify new
characteristics.Themodeled flood recurrence interval and the return period were also compared with observations. Results suggest
the performance of extreme flood simulations needs further improvement. This dataset is expected to serve as a benchmark which
may contribute to water resources management and to mitigating agricultural drought, especially in the context of understanding
the effects of climate change on crop yield in Texas.
1. Introduction
Texas, the largest state in the contiguous United States
(CONUS), contains awide range of climate regimes from arid
to subtropical humid [1]. The diverse climate range in Texas
manifests itself as large spatial and temporal variations in
precipitation and temperature. Due to these large spatial and
temporal variations of rainfall and temperature, hydrologic
extreme events (such as droughts and floods) have led to
adverse conditions for agricultural production [2]. This is a
pressing issue for Texas, which has the largest farm area and
the highest livestock production among the 50 states. Overall,
Texas ranks third with regard to agricultural production [3].
During the past century, Texas has experienced a number
ofmajor drought and flood events [4–7]. Among theweather-
related disasters, drought ranks first in causing loss of life
and second in causing property loss [5]. Drought in the
United States results in an estimated average annual damage
of between 6 and 8 billion dollars [8, 9]. As a slow-motion
disaster, drought brings a series of calamities to Texas life
including dust storms, crop failures, livestock losses, and
economic crises. The recent record drought in 2011 left the
state with 7.6 billion dollars in agricultural losses and with a
multitude of dried up lakes and rivers [10]. Unlike droughts
which persist for months and longer, floods are usually
triggered by heavy rainfall during a short period of time
[11]. Flooding depends on a number of factors such as the
magnitude and intensity of rainfall, antecedent soil moisture
conditions, topography of the affected landscape, soil type,
and land use [12, 13]. Between 1985 and 2014 flooding caused
an average of 82 deaths and $7.9 billion in property damage
annually across the US [14]. With 840 lives lost between 1959
and 2008, Texas has the highest incidence of flood related
fatalities among all 50 states [15]. Texas is also the only state
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that has reported flood related fatalities in every single year
during that same period [16].
While battling these extreme events, Texas has become
a water deficient state where the demands for fresh water
have been exacerbated by a rapidly growing population.These
water issues are further challenged by climatic and land use
changes, both of which may alter the natural hydrologic
processes. With a changing climate, hydrologic extremes are
projected to become more frequent, more severe, and more
uncertain [17–19]. Additionally, the increasing portion of
impervious land cover (due to urbanization) has a direct
effect on elevating flood peaks [20]. Due to the importance
of water resources for Texas and its vulnerability to water-
related extreme events, it is necessary to understand how
future changes may impact Texas’ water resources and (river
system) water budgets [21].
In this context, comprehensive and reliable hydrologic
datasets which can support the analysis of historical hydro-
logic extreme events are essential. Specifically, high quality
datasets can be used to identify the onset and demise
of droughts and floods, along with the multiple feedback
processes associatedwith hydrological extremes [11]. Further-
more, such datasets can serve as a benchmark to evaluate
future extreme events and to prevent record setting disasters
in advance (through combining effective water resources
management measures with model predictions).
With the enhanced computational capabilities, a high
volume of hydrological datasets have recently been generated
(and released) for studying droughts and floods. For instance,
the North American Land Data Assimilation System-2
(NLDAS-2; [22]) includes long-term (1979–present) simu-
lations of the surface hydrology for the contiguous United
States at 1/8∘ resolution. This dataset has been used for
providing long-term records of water budget terms, for
analyzing historic droughts, and for providing the basis for
seasonal drought prediction [23–25]. These types of datasets
have also been widely used in regional assessments of climate
change impacts on surface hydrology, such as in a set of
studies focused on the Colorado River basin [26, 27]. Such
modeled hydrologic datasets have strong advantages over
traditional observation based datasets, whose availability is
limited in time and space. For example, in situ observations
are often available only at point locations, or over areas much
smaller than the model spatial resolution. Comparisons are
therefore restricted to the temporal and spatial scales resolved
by the model [28].
Although many of the above-mentioned hydrologic
datasets contain gridded, long-termmodeled results over the
entire state of Texas, the data quality is often inadequate to
support decisionmaking. Typically, only a very small number
of the Texas river basins (only one or two of them) have
been calibrated against observed streamflow (e.g., [28, 29]).
The results of a study by Oubeidillah et al. [30], which
calibrated for 2107 hydrologic subbasins (8-digit hydrologic
units, HUC8s) over the entire CONUS, show that the Nash-
Sutcliffe values for most Texas basins are negative. Without
a well-tested reliable dataset, all analyses will be at risk
for providing misleading conclusions and recommendations.
Therefore, there is a strong need for effectively constraining
the quality of hydrologic model simulation results through
calibration over each individual river basin in Texas.
Driven by the meteorological forcings of Livneh et al.
([29]; hereafter L13), we hereby provide a calibrated and
validated hydrological dataset for 10 major Texas river basins.
The dataset is deemed high quality because of its relatively
high spatial (1/8∘) and temporal (daily) resolutions and its
evaluated skill compared to observed hydrological variables.
The dataset includes evapotranspiration, runoff, and soil
moisture records from 1918 to 2011. The L13 meteorological
forcings are available from 1915 to 2011, but we used the first
three years for model spin-up (and then analyzed from 1918
onward). The dataset generated from this study was utilized
to fulfill two research objectives: (1) to evaluate the impacts
of a changing climate on the water budget terms and (2)
to reveal new perspectives about hydrologic extreme events
(such as droughts and floods) which cannot be assessed using
traditional observations. This study is organized as follows:
the data and methods are presented in Section 2, where the
calibration of the soil parameters and the validation of the
simulated results are described. The quality of the simulated
soil moisture is evaluated against observed soil moisture. In
Section 3, the differences in water budget terms are studied
by comparing two periods: 1918–1959 (Period 1) and 1960–
2011 (Period 2). Historical drought (severity and duration)
and flood (recurrence interval and return period) events are
investigated based on simulated hydrologic variables.We also
compare the annual cycle of the water budget at each river
basin between the two historical periods. Finally, discussion
and conclusions are presented in Section 4.
2. Data and Methodology
2.1. Study Area. This study focuses on the Texas Gulf Region,
located in southern central North America (25–34∘N, 93–
103∘W), which has a total area of 343,100 km2. The region
includes 10 major river basins (Figure 1) and covers five
climate zones (from arid to subtropical humid). The domain
contains geographical properties varying from dessert (far
west Texas) to mountainous (Guadalupe Range) regions [31].
The diverse climate in Texas manifests itself as large spatial
and temporal variations in precipitation and temperature.
The annual mean precipitation in Southeast Texas is more
than 1400mm, while Northwest Texas only receives about
400mm [32]. The annual mean temperature varies greatly
with latitude from north to south. According to Bomar [33],
the average annual temperature (1961–1990) in the northern
portion of the Texas High Plains is 13.2∘C, while it is 23.3∘C
in Southern Texas.While most west Texas rivers flow for only
part of the year (due to a lack of precipitation), East Texas
rivers flow year-round benefiting from a subtropical climate
[34].
With an annual economic revenue of $100 billion, agri-
culture is very important in Texas. A total of 528,000 km2 is
occupied by farms and ranches. About 76% of Texas surface
area is occupied by farms and ranches, and 22% of this is crop
land. For the crop land portion, about 57% is harvested, 10% is
grassland, and 33% is either not harvested or fails to produce
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Figure 1: Location of the ten river basins and soil moisture
observation sites used in this study.
crops [35]. The soil types in Texas range from clay to sand,
with more than 1,300 different varieties of soil.
2.2. VIC Model. A semidistributed macro scale hydrological
model, the Variable Infiltration Capacity (VIC) model [36],
was used to generate the long-term hydrologic budget in
this study. The VIC model has been widely utilized for
assessing water resources, land-atmosphere interactions, and
the overall hydrological budget (and its responses to weather
and climate) over many river basins around the world [28,
37–41]. In the Jinghe basin, located in Northwest China,
an assessment of the river system changes under both a
changing climate and human activities was implemented
using VICmodeled streamflow [42].TheVICmodel was also
employed to generate a forecast of soil moisture, runoff, and
streamflow for the Yellow River in China [43]. VIC simulated
soil moisture and runoff have made significant contributions
to drought studies [44–49]. The VIC model has been well
adopted for continental to global scale drought monitoring
and forecasting using soil moisture and streamflow [50,
51]. Soil moisture, on one hand, is a critical variable for
quantifying drought severity and extent; but on the other
hand, it is typically not observed on a large scale over a
long period.Therefore, soil moisture simulated by hydrologic
models—such as the VIC model—may serve as the best
alternative (to observations) at regional to global scales [28,
46, 52, 53].
The VIC model parameters can be classified into two
groups, those that are prescribed and those that are calibrated.
In this study, the soil and vegetation parameters that do not
require calibration were adopted from the NLDAS-2 param-
eters at 1/8∘ resolution [54]. The model was used to simulate
the water and energy budgets, with the major hydrologic
flux terms (e.g., evapotranspiration) and the state variables
(e.g., soil moisture) simulated at a daily time step. The VIC
modeled surface runoff and base flow at each grid cell were
then routed through a Digital Elevation Model (DEM) based
river network to generate streamflow estimations for each
basin [55].
2.3. Meteorological Forcings. The observation based meteo-
rological daily forcings from 1915 to 2011 were adopted from
the L13 dataset to drive the VIC model. The grid-based L13
dataset includes four meteorological variables: precipitation,
wind speed, and daily minimum and maximum tempera-
ture. The precipitation and temperature observations were
provided by National Climatic Data Center (NCDC) and
Cooperative Observer (COOP) stations. The Synergraphic
Mapping System (SYMAP) algorithm [56] was employed
to generate the gridded temperature and precipitation at
1/16∘ resolution from the point data.The Parameter-Elevation
Regressions on Independent Slopes Model (PRISM) was
then used to match the long-term mean of the gridded
precipitation data, which was scaled on a monthly basis [57].
Wind speed values, obtained from the National Centers for
Environmental Prediction-National Center for Atmospheric
Research (NCEP-NCAR) reanalysis [58], were linearly inter-
polated from 1.9∘ resolution (approximately) to 1/8∘ reso-
lution. To match the spatial resolution of the VIC model
parameters, the 1/16∘ forcings from L13 were rescaled up to
1/8∘ using the nearest-neighbor interpolation method.
2.4. Model Calibration. An automated optimization tech-
nique, Multiobjective Complex evolution (MOCOM-UA,
[59]), was employed to calibrate the VIC model over the 10
major rivers in Texas. During the calibration process, the
mean absolute error (MAE) and the Nash-Sutcliff coefficient
[60] were used as the objective functions to minimize the
difference between the simulated and observed streamflow.
The monthly streamflow observations at the US Geological
Survey (USGS) stations closest to the river outlets were used
for both calibration and validation purposes (Table 1).
The calibration aimed to find the best soil parameter
values for minimizing the difference between observed and
simulated monthly streamflow over the calibration period
(1960–1985). Six VIC soil parameters were selected for
calibration based on sensitivity analysis [61], including the
variable infiltration curve parameter (𝑏inf ), the exponent of
the Brooks-Corey drainage equation (exp), the thickness of
soil layers 2 and 3 (𝐷2, and𝐷3), the fraction of the maximum
velocity of base flow at which nonlinear base flow begins
(𝐷𝑠), and the fraction ofmaximum soilmoisture abovewhich
nonlinear base flow occurs (𝑊𝑠). The calibration involves
setting an identical soil parameter set for each basin to find
the best combination of the six parameters. Although the
calibration period is about 0.3∘C cooler than the annual
temperature over the entire period, sensitivity test results (not
shown) suggest that the temperature impacts on streamflow
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Table 1: Ten river basins and streamflow gauge stations.
Name Abbreviation USGS station Latitude (N) Longitude (W) Basin area (km2) Period
Sabine SABIN 08030500 30∘18󸀠13󸀠󸀠 93∘44󸀠37󸀠󸀠 19,617 1924–2016
Neches NECHE 08041000 30∘21󸀠20󸀠󸀠 94∘05󸀠35󸀠󸀠 25,752 1922–2016
Trinity TRNTY 08066250 30∘34󸀠19󸀠󸀠 94∘56󸀠55󸀠󸀠 46,418 1965–2016
Brazos BRAZO 08111500 30∘07󸀠44󸀠󸀠 96∘11󸀠15󸀠󸀠 111,077 1938–2016
Colorado COLOR 08162000 29∘18󸀠32󸀠󸀠 96∘06󸀠13󸀠󸀠 102,172 1938–2016
Guadalupe GUADA 08175800 29∘05󸀠25󸀠󸀠 97∘19󸀠46󸀠󸀠 15,426 1964–2016
San Antonio SANAN 08188500 28∘38󸀠57󸀠󸀠 97∘23󸀠05󸀠󸀠 10,831 1924–2016
Nueces NUECE 08211000 28∘02󸀠17󸀠󸀠 97∘51󸀠36󸀠󸀠 43,276 1939–2016
San Jacinto SANJA 08068000 30∘14󸀠40󸀠󸀠 95∘27󸀠25󸀠󸀠 10,199 1924–2016
Lavaca LAVAC 08164000 28∘57󸀠35󸀠󸀠 96∘41󸀠10󸀠󸀠 5,985 1938–2016
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Figure 2: Monthly observed (OBS), L13, and calibrated (SIM) streamflow (1960–1985).
in Texas river basins are ignorable. This can be explained
by the fact that Texas is water limited and rainfall typically
occurs at large rates over short periods—which makes soil
moisture and streamflow insensitive to small variations of
annual temperature.
Figure 2 compares the annual cycle of the calibrated
monthly streamflow with observations over the 10 major
Texas river basins, and Table 2 lists the statistics of the
calibration and validation results. Overall, the calibrated
results are improved over the original VIC simulations in L13.
The Sabine and Neches Basins, where there is ample rainfall
and runoff, have the best calibration results among all of the
basins studied. The Brazos River Basin, which has the largest
drainage area, does not match the observations well during
the low flow seasons (August–November). A possible reason
for this is that the Brazos River is highly regulated by many
reservoirs, which may have altered the streamflow patterns
significantly. To test this, the VIC simulated streamflow
was compared with observations during the prereservoir
era and the postreservoir era. Because most reservoirs on
the Brazos were built after the 1960s, results from 1939 to
1960 were considered prereservoir (as observed streamflow
record started in 1939) and results from 1961 to 2011 were
considered postreservoir. It was found that the 𝑅2 and NSE
values are 0.88 and 0.64 prereservoir, while the values are 0.84
and 0.62 postreservoir. Given that VIC simulated flows are
naturalized flows (i.e., no reservoir effects are considered),
such discrepancy before and after reservoir construction is
unavoidable. Regardless, the error statistics for the Brazos
have improved the most (of all the basins in the study).
Although the calibrated streamflow over the Nueces does
not outperform the L13 results (in terms of all four of
the statistical variables), its annual cycle and MAE have
shown much better agreement with the observations than
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Table 2: The statistics of calibrated and validated monthly flows.
Basin Conditions Period 𝑅2 NSE MAE/𝑂𝐵𝑆 RMSE/𝑂𝐵𝑆
SABIN
L13 1960–1985 0.87 0.69 0.27 0.55
Calibration 1960–1985 0.88 0.76 0.03 0.48
Validation 1925–2011 0.88 0.76 0.05 0.50
NECHE
L13 1960–1985 0.81 0.57 0.18 0.65
Calibration 1960–1985 0.91 0.78 0.07 0.47
Validation 1922–2011 0.87 0.70 0.02 0.59
TRNTY
L13 1960–1985 0.83 0.68 0.05 0.60
Calibration 1960–1985 0.87 0.70 0.11 0.58
Validation 1966–2011 0.88 0.70 0.11 0.63
BRAZO
L13 1960–1985 0.62 0.23 0.35 0.99
Calibration 1960–1985 0.86 0.70 0.15 0.62
Validation 1939–2011 0.85 0.63 0.14 0.77
COLOR
L13 1960–1985 0.61 0.46 0.76 1.20
Calibration 1960–1985 0.77 0.57 0.04 0.65
Validation 1939–2011 0.75 0.51 0.10 0.91
GUADA
L13 1960–1985 0.77 0.52 0.26 0.71
Calibration 1960–1985 0.84 0.69 0.14 0.58
Validation 1965–2011 0.86 0.71 0.14 0.69
SANAN
L13 1960–1985 0.83 0.59 0.34 0.85
Calibration 1960–1985 0.83 0.64 0.13 0.76
Validation 1940–2011 0.82 0.67 0.16 0.89
NUECE
L13 1960–1985 0.86 0.62 0.85 1.66
Calibration 1960–1985 0.78 0.50 0.30 1.93
Validation 1940–2011 0.72 0.45 0.44 1.89
SANJA
L13 1960–1985 0.75 0.53 0.08 0.95
Calibration 1960–1985 0.87 0.71 0.06 0.75
Validation 1940–2011 0.81 0.62 0.14 0.98
LAVAC
L13 1960–1985 0.82 0.54 0.22 1.11
Calibration 1960–1985 0.85 0.56 0.03 1.11
Validation 1939–2011 0.81 0.47 0.01 1.44
the L13 dataset does. Indeed, the calibration has successfully
eliminated the overestimation in the September and October
(shown by the L13) dataset over the Nueces Basin.
2.5. Model Validation. The performance of the VIC simula-
tions was evaluated in terms of streamflow and soil moisture
results. The former is the most commonly adopted approach
for testing water budget terms as a whole. The latter is of
special importance since soil moisture was used to quantify
droughts in this study. Such comprehensive comparisons
allow us to sufficiently test the robustness of this dataset.
Firstly, the streamflow values simulated using the opti-
mally calibrated parameter sets were validated over each
basin based on the availability of USGS streamflow observa-
tions. Overall, the validation results (in Table 2) are consistent
with the calibration across all basins. The 𝑅2 and NSE values
for the calibration period range from 0.77∼0.91 and 0.50∼
0.78, while the 𝑅2 and NSE for the validation period range
from 0.72∼0.88 and 0.45∼0.76. The best performance (with
regard to validation) is found at the Sabine and Neches River
basins, while the worst is at the Nueces River Basin.
Secondly, the modeled soil moisture was compared with
in situ observations. The quality controlled observational
soil moisture data from the North American Soil Moisture
Database (NASMD) [62] was adopted for validating the VIC
simulated soil moisture. Currently, NASMD includes data
from 27 observational networks and 1800 sites across North
America. Here, NASMD soil moisture observations from 31
sites located in Texas (Figure 1) were used to evaluate the VIC
model simulated soil moisture products. In this study, soil
moisturewas simulated at 1/8∘ resolution over three soil layers
occurring at depths of 0–10 cm, 10–40 cm, and 40–100 cm,
respectively. The NASMD in situ observations were collected
at 5 cm and 25 cm depths. The VIC soil moisture outputs
at the top layer were validated by the top layer NASMD
in situ observations, and the VIC outputs at the middle
layer were compared with the observations made at 25 cm.
Considering the different scales of the point observations and
the gridded simulations, the averaged soil moisture values
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Table 3: Validation results for the simulated soil moisture.
Error metrics
(daily, 2003–2010)
OBS 5 cm (top layer) OBS 25 cm (second layer)
SIM∗ L13 SIM∗ L13
𝑅
2 0.75 0.73 0.75 0.71
RMSE (m3m−3) 0.0349 0.0421 0.0206 0.0285
Bias (m3m−3) 0.0313 0.0395 −0.0146 −0.0185
Bias
𝑅
(%) 16.70 21.13 −6.42 −8.11
∗Simulated results from this study.
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Figure 3: Summer (June–August) andwinter (December–February) precipitation (a),maximum temperature (b), andminimum temperature
(c) trend.
from the 31 reporting NASMD sites were compared with
the averaged VIC soil moisture values from the 31 grids
overlaying those sites. This spatial averaging approach has
been commonly adopted for evaluating a remotely sensed (or
modeled) soil moisture product using in situ observations
[62, 63].
Statistical metrics—including the Root Mean Squared
Error (RMSE), the Bias, and the Bias ratio—were used
to determine the errors associated with the simulated soil
moisture. Table 3 suggests that the soil moisture errormetrics
have been improved at both layers when compared with the
L13 dataset.
3. Results and Applications
In this section, the VIC simulated hydrologic records are
used in three applications: (1) investigating the changes in
the climate and hydrologic cycles between two historical
periods; (2) characterizing historical drought events using
reconstructed soil moisture information; and (3) exploring
the capability of quantifying both peak flows and the recur-
rence intervals of flood events from simulated peak flows.
3.1. Changes of the Hydrologic Cycle. Over the entire domain,
we first examined the trends of the gridded meteorological
forcings for summer and winter (Figure 3). Summer (June-
July-August, JJA) precipitation decreased across the entire
state of Texas, with the exception of the northwest corner. In
contrast, winter (December-January-February, DJF) precip-
itation increased in the semiarid mid-Texas and west Texas
regions but decreased in the humid east Texas region. The
maximum temperature increased in most of Texas during
both seasons—with summer being the largest in magnitude.
The minimum temperature also increased in both summer
and winter. Compared to the maximum temperature trend,
the changes with minimum temperature are relatively small
(but are more uniform).
The annual cycles of the water budget terms over the
two historical periods were then compared over each basin
(Figure 4). Most Texas river basins are characterized by
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Figure 4: Annual cycle of surface hydrology (P = precipitation, E = evapotranspiration, and R = runoff + base flow).
two precipitation peaks (one in the spring and one in the
fall), with very little rainfall during the summer. From
Period 1 to Period 2, precipitation has increased across all
of the basins studied, with the largest changes occurring
during the peak months. Among these basins, a notable
increase of precipitation is captured in the San Jacinto and
Lavaca basins during Period 2. The Brazos and Colorado
River Basins, which are the two largest basins, have less
precipitation and much smaller runoff than the other basins.
Evapotranspiration has only one peak, which occurs in May
due to the coinciding high soil moisture and the warm
temperature. With regard to runoff, the smallest values are
found in August and September.The Sabine and Neches both
generate more winter runoff than the other basins. Driven
by precipitation changes, runoff also increases during Period
2. As explained earlier about the impact of the temperature
trend, the warming in Period 2 has little effect on altering
runoff. Texas is thus prone to both droughts and floods as
a consequence of the large seasonal variations in the water
budget terms.
3.2. Drought Analysis. From 1918 to 2011, there were five
remarkably severe droughts in Texas. The 1925 drought set
record high temperatures and record low rainfall. From 1930
to 1936, the famous Dust Bowl drought led to tremendous
economic and agricultural losses. The catastrophic 1950s
drought lasted for seven years (1950–1957) and subsequently
has been considered the worst drought event in Texas. In
1971, some portions of North Texas received only one inch
(2.54 cm) of rainfall during the entire year. As a result,
this severe drought cost $100 million worth of crop losses
(mainly with wheat and cotton) and killed over 100,000 cattle
(due to the drying up of grasslands, and thirst from high
temperatures). In 2011, the region experienced the hottest
and driest one-year period ever recorded, with a loss of $7.62
billion in the agriculture sector alone [10, 64, 65].
In this section, the hydrologic records provided by the
VIC simulations are used to offer new perspectives on these
drought events, particularly focusing on agricultural drought.
Figure 5 shows the drought outlook over the entire domain
using the time series values of precipitation, temperature, soil
moisture anomaly, runoff/precipitation ratio (𝑅/𝑃), drought
severity, and drought areal extent.
As a function of both precipitation and temperature, the
Palmer Drought Severity Index (PDSI) is a very commonly
used index for detecting meteorological drought [66, 67].
However, whether PDSI represents soil moisture conditions
is still debatable. A study by Dai et al. [68] concluded that
PDSI does not reflect soil moisture conditions and therefore
is not a goodmeasure of agricultural drought; but others have
found that the PDSI correlates quite well with the observed
and modeled monthly soil moisture contents over a large
scale [69]. The main advantage in using the soil moisture
based index to monitor agricultural drought is that soil
moisture deficit is affected by bothmeteorological conditions
(i.e., precipitation and temperature) and by soil/vegetation
types. Unlike PDSI, this index can provide soil moisture
information that is directly useful for water management
under drought conditions.The disadvantage of this approach
is that accurate soil moisture data are hard to acquire. On
the one hand, in situ measurements are spatially and tempo-
rally limited, making it challenging for monitoring drought
consistently at a large scale. On the other hand, modeled soil
moisture datasets are typically not systematically evaluated.
However, by using the modeled soil moisture, which has
been validated by in situ measurements, these limitations are
overcome in this study.
In this study, an agricultural drought is defined using
the 10th percentile of monthly soil moisture in a grid cell
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Figure 5: 20th century Texas drought outlook (climate, surface hydrology, drought severity, and drought areal extent).
as a threshold [70]. The drought severity is calculated as the
product of the monthly soil moisture deficit (%) and the
duration (counting the number of months that experience
drought). The drought extent is calculated for each year,
represented by the percentage of grid cells that experience at
least one month of drought. Both the 1956 and 2011 severe
droughts stand out clearly, mainly because precipitation, the
𝑅/𝑃 ratio, and the soil moisture anomaly were all at record
lows and temperature set record highs. Overall, the five most
severe droughts are well captured by the simulated drought
outlook.
Figure 6 shows the spatial patterns of drought severity and
duration for the five selected historical drought events (in the
order of severity: 1956, 2011, 1925, 1934, and 1971).The severity
and durationmaps tend to share a similar spatial pattern.The
1956 drought was the most catastrophic due to its severity
and long duration. The 2011 drought was the most severe
single year drought, while the 1925 drought was characterized
by its long duration. The region with the largest drought
severity is centered on eastern Texas in 1925, while the highest
impact drought is the one in the Trinity River basin in 1934.
Drought is hardly detected in the Upper Colorado basin and
in southern Texas during 1934. The drought in 1971 was the
least severe among these five events, with the area affected
located in the San Antonio and lower Colorado River basins.
Themaximumdrought durations are associatedwith the 1956
and 1925 droughts. According to the analysis of the five severe
drought events, the Colorado River basin and the region
along the Gulf coast are more vulnerable to drought than the
other areas.
3.3. Flood Analysis. An annual maximum series analysis
(AMS; [20]) was performed to investigate the magnitude
and recurrence interval of flood events. The AMS of a given
year is the maximum daily streamflow value that occurred
in that year. In this study, there are 94 AMS values during
the entire simulation period (1918–2011) for each basin. Two
sets of AMS values were calculated for the 10 basins based
Advances in Meteorology 9
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Figure 6: Reconstructed drought severity and duration.
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Figure 7:Annualmaximumstreamflow (AMS) anomaly (%) during
the period from 1918 to 2011.
on daily streamflow from USGS observations and from VIC
simulations.
Figure 7 shows the comparison of the relative AMS
anomaly (in terms of percentage) between observations and
model simulations. The relative AMS anomaly is calculated
by dividing the anomaly value with the mean AMS. The
mean AMS for a basin of interest is the averaged value of
those 94 AMS values. We used the relative AMS anomaly
to make the basins comparable, because each basin has its
own range of AMS. Overall, the simulated AMS values are
in agreement with the observed ones. The median and the
minimum values of the simulated AMS anomaly are larger
than the observations—but the range of the simulated AMS
anomalies is smaller than its observed counterpart in most
cases. The differences between the modeled and observed
AMS anomalies are mainly attributed to two factors: first,
the model was calibrated using criteria based on monthly
streamflow, while the AMS anomalies are statistics from
daily data. Second, the gridded precipitation forcings usually
underestimate the extreme values, especially over regions
like Texas where the rate of rainfall can be very large over
a short period of time [71, 72]. The San Antonio, Nueces,
and Lavaca river basins (where the basin size, in each
case, is relatively small compared to other basins) tend to
have larger interannual variability in AMS. The five river
basins with the largest AMS anomalies are the San Antonio,
Nueces, Lavaca, San Jacinto, and Guadalupe. These basins
are relatively small in size, and they are primarily located
along the coast of central Texas. Driven by large seasonal
and interannual precipitation variations, the AMS anomalies
are therefore substantial. These basins are very prone to
floods—including hurricane floods, due to their vicinity to
the coast. The simulated maximum AMS results best agree
with observations over the Guadalupe and San Jacinto River
basins.
With regard to flood analysis, it is essential to understand
the relationship between the magnitude of peak events and
their frequency of occurrence (in terms of return period).The
concept of return period 𝑇 is used to describe the likelihood
of occurrences [73]. An extreme event is defined as occurring
when a random variable 𝑋 is greater than or equal to a
certain level 𝑥𝑇.The recurrence interval 𝜎 is the time between
occurrences of 𝑋 ≥ 𝑥𝑇. Here we define 𝑥𝑇 as the 90th
percentile, 80th percentile, and 50th percentile of the annual
maximum time series which are associated with a recurrence
interval of 10, 5, and 2 years, respectively. According to
Table 4, the simulated and observed recurrence intervals
are in good agreement, especially for the shorter recurrence
intervals. The simulated flows tend to be underestimated at
the 90th percentile of AMS, which leads to an overestimation
of the 10-year recurrence interval. This is largely due to two
factors—the calibration using monthly data and the fact that
gridded forcings tend to underestimate precipitation during
floods.
Figure 8 shows the return period of all the AMS values
(from 1918 to 2011) over each basin. The Brazos River Basin
has the largest AMS values for all return periods. This basin
has the largest drainage area, and the mean value of AMS
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Table 4: Peak flow recurrence interval.
Basin
Recurrence interval (year)
Above 90th percentile of AMS Above 80th percentile of AMS Above 50th percentile of AMS
OBS SIM OBS SIM OBS SIM
SABIN 9.6 10.6 4.5 4.6 2.0 2.0
NECHE 3.3 8.8 3.9 4.8 1.8 1.9
TRNTY 6.6 8.4 2.4 2.4 2.0 1.9
BRAZO 8.0 9.9 3.8 4.0 1.6 1.6
COLOR 9.4 9.4 3.7 3.8 1.6 1.6
GUADA 8.0 7.6 4.4 4.4 2.0 2.0
SANAN 9.0 9.0 4.9 4.9 2.0 2.0
NUECE 9.0 10.1 4.9 5.1 2.0 2.0
SANJA 9.0 9.6 4.5 4.8 1.9 1.9
LAVAC 9.9 9.4 4.6 4.8 2.0 2.0
Average 8.2 9.3 4.2 4.4 1.9 1.9
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Figure 8: Return period of annual maximum streamflow from the
simulated streamflow.
(1,482m3/s) is nearly two times larger than that of the Sabine
Basin (which has the second largest mean AMS at 684m3/s).
The two river basins with the smallest AMS values for a given
return period are the San Jacinto and the Lavaca.
4. Discussion and Summary
Wehave produced amodel simulated hydrological dataset for
the period of 1918–2011 at 1/8∘ spatial resolution over 10 Texas
river basins. Because all of the basins are in juxtaposition,
they share similar meteorological conditions. In this way,
when one basin suffers drought or flood, the neighboring
basins have a good chance of experiencing similar conditions.
The basins are correlated, but they are hydrologically inde-
pendent. Since basin boundaries are delineated according to
the Digital Elevation Model (DEM), water from one basin
does not naturally move to the neighboring basins, unless
there is water management involved (e.g., an interbasin water
transfer). When comparing the basins’ correlations under
extreme conditions, neighboring basins are more likely to
experience drought at the same time than flood. This is
because droughts usually occur over a large area (due to
a lack of precipitation over several months, as shown in
Figure 6), while floods have large spatial heterogeneity but
short durations.
The simulated streamflow was, for the first time to our
knowledge, calibrated and validated against USGS stream-
flow observations at each basin. Furthermore, the modeled
soil moisture results were evaluated against in situ observa-
tions. Even though the VIC modeled soil moisture shows
wetter conditions than the observed soil moisture, the cor-
relation coefficient and the error values have been improved
over previous studies.These reliable andwell evaluated results
are expected to contribute to water resources management,
agricultural planning, and many other related fields in Texas.
In this study, we explored some applications of this new
dataset by analyzing changes in water budget terms, and
by investigating new perspectives related to hydrological
extreme events.The seasonal cycles of the water budget terms
are very dynamic for all of the basins, which confirms that
the region is prone to both droughts and floods. Overall, the
simulated droughts are in good agreement with documented
historical droughts.The soilmoisture data also provide a basis
for better depicturing drought, duration, and many other
characteristics—quantitatively—in time and space.
An AMS approach was used to study flooding events.
However, because of the intrinsic complexity and short term
nature of floods (which occur on a timescale of hours to
days), the simulation does not perform as well as it does
with droughts. This can be partially attributed to the fact
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that the model calibration was implemented at a monthly
time scale to minimize the long-term differences between the
observed and simulated streamflow.Therefore,modeling skill
in representing daily peak discharge is limited. A daily step,
or an event-based calibration, will likely result in an improved
dataset for investigating floods (but this would need to be
substantiated via another study). Another possible limiting
factor (with regard to the use of this dataset for simulating
floods) is that reservoir flood control activities were not
considered in our simulations. Even though this calibrated
model has a limitation with regard to capturing extreme
flood events precisely, it can still provide useful information
for assisting planning and decision making for future water
management activities. Nevertheless, given the fast growth
of the state of Texas and the continuously changing climate,
this well evaluated dataset may serve as a benchmark for
investigating the evolution of hydrological processes and
extreme events in the future. For instance, by driving the
calibrated model in this study with multiple future scenarios
available from the Coupled Model Intercomparison Project
Phase 5 (CMIP5)—which has projections until 2099 and the
same spatial resolution as the VICmodel—streamflow under
a changing climate in these basins can be projected.
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